Abstract-The "Web of Things is about extending the Internet of Things [Ashton, 2009] concept beyond the connection of things and considering issues like heterogeneity, scalability and usability with respect to progressive computing" [Mayer et al., 2013] . By introducing web technologies, the concept overpasses Machineto-Machine (M2M) communication and incorporates interaction with users into the landscape. This paper presents a technical overview of our preliminary work developing a low-cost and reliable indoor localization system using state-of-the-art Web of Things technologies targeted to support the daily activities of users with mild cognitive impairments and their carers. This work extends previous experiences of the authors using technologies like RFID .
I. INTRODUCTION
The seminal papers from Weiser [1] , and Ishii [2] presented a new paradigm of Human-Computer Interaction where the interfaces surround the user embedded in everyday artifacts. These pioneering works became mainstream at the end of the previous decade with the arrival of smart phones and the so-called Internet of Things [3] , extended to the Web of Things (see, e.g., [4] and references therein), enabled by architectural principles based upon the Representational State Transfer (REST, [5] , [6] ).
These works and many that followed them presented a variety of multimodal user interfaces, which allowed the user to interact with her environment and exchange information with others. However, very few of this research has addressed the requirements of people with special needs (elderly and people with disabilities) for these interfaces. These requirements have a growing importance bearing in mind the population aging in Europe [7] and worldwide, and that these user groups need access to critical services such as health networks (e.g., patient adherence), transport, communications (e.g., social networks) or smart environments (Ambient Assistive Living, AAL), etc.
Our target user group is affected by a decline in physical and cognitive abilities, which reduces their opportunities to live independently. Therefore, there is a high demand on the provision of IT solutions that prolong the independent living at home of this user group [8] . The localization service developed within the WebDA project was based upon RFID technologies. A thorough user testing of the developed prototypes in real environments showed a lot of limitations from a reliability perspective, maintenance and installation costs, and overall user-friendliness [9] .
Since the end of our project, there were many advances in sensor technologies that could improve the quality of our approach. Although in WebDA we have addressed indoor localization of objects and persons, we have investigated the use of Bluetooth Low Energy (BLE [10] ) systems because of their low cost and simplicity of installation.
The rest of the paper is organised as follows: section II presents a brief discussion of the state-of-the-art on indoor localization technologies; section III introduces a preliminary set of user and system requirements; section IV presents a technical overview with the architecture of our system, including some discussion on implementation decisions; and finally, section V presents our preliminary conclusions.
II. STATE-OF-THE-ART OF INDOOR LOCALIZATION

SERVICES
Whilst outdoor localization is technically a well solved problem through the Global Positioning System (GPS) or its European equivalent GALILEO, indoor localization still remains an open issue for academia and industry [11] . The GPS signals from satellites are attenuated and scattered by roofs, walls and other objects. The approaches towards solving the indoor localization problem can be classified into infrastructure-free and infrastructure-based approaches.
Infrastructure-free approaches focus on leveraging already existing wireless signals, such as the earth's geomagnetic field strength. In [12] , the internal geomagnetic map of a building is analyzed and its variation was measured. A mobile phone was used to detect the field and based on the pre-determined map the exact location was obtained. This technology is becoming a niche for many start-ups such as IndoorAtlas, 2 or Micello. 3 Infrastructure-based approaches rely on the deployment of customized RF-beacons. For example, a Microsoft Research group developed RADAR [13] , the first WiFi-based system for locating and tracking users inside buildings. RADAR operates by recording and processing WiFi signal strength information at multiple base stations positioned to provide overlapping coverage in the area of interest. It employs techniques that combine empirical measurements with signal propagation modeling to enable location-aware services and applications A system based on infrared (IR) technology is described in [14] . IR transmitters are attached at known positions, usually ceilings, in a building. An optical sensor senses the IR beacons, which enables the system software to determine the user's location. IR-systems suffer from several drawbacks: (i) they perform poorly due to their limited range, (ii) the presence of direct sunlight in rooms affects their performance, and (iii) it incurs in significant installation and maintenance costs.
Another technology of interest is Radio-frequency identification (RFID), which uses electromagnetic fields to transfer data, for the purposes of automatically identifying and tracking tags attached to objects [15] . This approach requires a number of RFID readers to be installed. Each reader has a predetermined power level, hence only a certain unique region is covered by this reader. The whole indoor location can be thus divided into smaller regions by placing adequate number of readers. Given an RFID tag, one can associate that tag with a known sub-region. The accuracy of this approach is determined by the number of readers required, hence it is very expensive and more number of readers may cause interferences. This technology is successfully used in the logistics industry, where large investments are justified on account of efficiency and location efforts, but are hardly justifiable in the context of Ambient Assisted Living (AAL), as demonstrated in our WebDA research project [9] , [16] .
III. USER AND SYSTEM REQUIREMENTS
After the experiences gather in our WebDA project, we investigated how could we improve the person localization by using other technologies different from RFID. With that, we could try to implement our scaffolding context-aware services ( [17] , [18] ) with an affordable infrastructure. Due to this we have used emerging beacon technologies based upon Bluetooth Smart [10] , [19] .
Our system has 2 types of actors: (i) the end user, who needs a very simple interface based upon context-aware reminders (provided in the first prototype via audio messages and vibration alerts), which depend on time and location; and (ii) the caregiver (who can be a family member or a professional), who needs an additional interface to prepare customized messages and may need to monitor special situations such as restlessness at night, leaving the house and wandering outside the house.
The use cases implemented in the first prototype are tailored to these two actors. Caregivers could access via a web application our action planner [17] , to create customized contextaware messages and actions via our controlled natural language service. And end users will receive via a mobile device these reminders as voice messages or vibration notifications (for example, reminders to take a medicine at given times, to drink water when the user is in the kitchen, to stand up after a long inactivity periods in the living room, etc). Our development environment has a restriction that we did not have in WebDA, because in our first prototypes we did not aim to locate objects.
IV. ARCHITECTURAL OVERVIEW OF THE SYSTEM
The architecture of our system (see Fig. 1 ) is composed of two main systems, which are described in more detail in the following subsections:
(i) server-side components that manipulate complex and process intensive modules, like those related to the persistence layer, security, algorithms processing, etc.; and (ii) client-side components that are presented to the 2 types of users described above. This client-side access is happening in our system through mobile apps or through web applications, depending on the different use cases.
A. Server-side components
Our server prototype has the following main components:
(i) Filtering modules: these are modules that handle sensor signals, such as reduction filters, trilateration calculations, etc. (see section IV-C for more details). (ii) Sensor management module: this module handles and calibrates the different sensors of the system (either integrated into the mobile device like the accelerometer or the magnetometer, for instance, or external infrastructure sensors like the BLE beacons). This module also takes care of the data persistence, metadata storage, etc. (iii) User Interface (UI) modules: responsible for the management of the interfaces of the client applications. (iv) Generic controller module: responsible of the manipulation of the auxiliary services and business logic of the applications, such as security, event logging, user administration and access control, etc.
The persistence layer of the application is implemented via a NoSQL back-end that ensures a dynamic access to the big amount of data generated by the system.
B. Client-side components
Client-side components are divided in two types of applications depending on the target user group as described in section III. There is an additional interface for the administration of the system and the configuration of the different components.
Caregivers have access to a web application that allows them to customize the messages and alerts of the system for the end users. It should also allow the possibility to record and store voice messages.
End users have access via a preconfigured mobile app to these context-aware alerts. In our first prototype, they are implemented via the vibration of the device and by playing a pre-recorded audio message of the caregiver.
C. Location algorithms
The geometrical problem of locating a person or an object through three or more known distances to reference points is a trivial mathematical endeavor [20] . However, when dealing with electronic means to measure distances, there is a degree of uncertainty due to valuations introduced by the environment on those means. Then, we meet with an ill-conditioned positioning problem that can be solved in different ways (for instance, [21] addresses the solution comparing different least square approximation methods).
Additionally, the mechanisms that govern radio propagation are very complex, as they are afflicted by reflection, diffraction and scattering of radio waves (see [22] and references therein). Therefore, the spherical model as a propagation model must be quickly rejected.
For our prototype implementation, we have chosen the model for indoor propagation described in [23] . The model is based upon the Received Signal Strength Indication (RSSI), which is one of the signal-related parameters made available by Bluetooth specification. RSSI is an 8-bit signed integer that denotes whether the received power level is above or below the Golden Receive Power Range (GRPR), which is considered the optimal value. A positive or negative RSSI (in dB) means the received power level is above or below the GRPR, respectively, while a zero implies that it is ideal. The RSSI value reported by the beacon can be used to measure the distances between the beacon and the receiving mobile device [24] .
where the Radio Frequency (RF) parameters A and n are used to describe the network environment. The RF parameter A is defined as the absolute energy (in dBm units) at a distance of 1m (meter) from the transmitter, which is the ideal RSSI reading at 1m from the transmitter; n is the signal transmission constant and it is relevant to signal transmission environment; and d is the distance from the transmitter node to the receiving node.
To calculate the distance d, the environment factor, n has to be calibrated in the test environment. For that, we have calculated the parameter n at different distances measuring for every beacon (i) a calibrated distance and its RSSI. From Eq. (1), this is done via:
A simple quadratic curve fitting could to be done to obtain a valid n value for the given environment. The main problem is that for most of the radio frequencies, RSSI varies a lot because of the issues mentioned earlier. Therefore, it is necessary to filter them. Since RSSI values follow a normal distribution model, we have used Chebyshev's outlier detection method. According to Chebyshev's theorem, at least (1−1/k 2 ) of the distribution's values are within k standard deviations of the mean. The value of k was chosen as 2 [25] . By using a value of 2, 75% of the values have to lie within two standard deviations of the mean, according to the theorem. RSSI values not falling in this range were eliminated. Once the outliers were removed, a Kalman filter is used to get a better estimate of the signal.
The Kalman filter is an efficient recursive filter that statistically estimates the internal state of a system from a series of measures which are subject to noise [26] . A suitable Kalman model is created by using a series of RSSI readings measured in time slots of 3s. The covariance matrix of the estimation, P , is initialized with the variance of the readings. The value of the update matrix, F , is chosen as 1 as we expect that the user carrying the mobile device moves slowly. We assume that the process noise, Q, is negligible. The measurement noise, R, is calculated from the average RSSI value and using (1) .
To avoid interferences between the beacons and to optimize their battery life, we have set up an average range of 10m to every beacon and placed them in different rooms. With that model in mind, we were able to reliably detect the presence of a user within a room. Location predictions still show an error which oscillates between 1 and 3 m. At the moment of writing this paper we are trying to improve this location predictions via the integration of other sensor readings, such as those coming out of the accelerometer and magnetometer in the mobile device.
To facilitate the calibration process, we have also developed in the client-side a calibration app that supports the installation of the system in different environments (see Fig. 2 ).
V. CONCLUSIONS
We have presented a brief overview of our approach and the implemented system at the time of writing the paper. Current work is focused on the following points:
(i) improvement of the location accuracy by integrating readings from other sensors available to the system; (ii) enhancement of the implemented user interfaces targeted to caregivers and end users; and (iii) preliminary preparations to test the system with real users.
The actual prototype is developed for a mobile device (smart phone or tablet). Further work will be necessary to integrate into the system different type of wearables, such as smartwatches or armbands.
